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An effective set of fixed charges for a polarizable system

Place a field on a polarizable system (=molecule, fragment):

U =
1
2

∆µα
−1∆µ− (µ0 + ∆µ) ·E

∂U/∂ ∆µ = 0 ⇒ ∆µ = α·E ⇒ U =−
(

µ0 +
∆µ

2

)
·E

Karamertzanis, Raiteri, Galindo, JCTC 6, 3153 (2010);
Cerutti, Rice, Swope, Case. J. Phys. Chem. B 117, 2328-2338 (2013).

Try using the same idea for a collection of interacting
polarizable fragments; the modification of the charges on each
molecule implicitly accounts for the polarization energy cost:
to a first approximation, the energy penalty is spread
throughout the interacting pairs of atoms.
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New fixed charge model

Computational protocol: µ0 come from MP2/cc-pV(T+d)Z in
gas phase; µ0 + ∆µ uses the same QM model, now in the
presence of the field from explicit solvent (TIP4P-Ew)
snapshots; averaged over lots of snapshots and lots of
configurations of the solute fragment.

Figure 3: Conformations of the arginine dipeptide used for charge refinement. The arginine side chain

explores all three χ1 rotamer states, and the backbone takes on a variety of Φ and Ψ angles. Although we did

not attempt to select conformations to precisely match known PDB distributions or a Ramachandran plot, we

feel that the most important aspect of the fitting set is that it comprise a variety of conformations. As shown

in Figure 5 of the main text, the REsP fit implies many compromises in the electrostatic propreties influencing

the first solvent layer. The best way to minimize the chance that these compromises will superimpose to create

regions of large error is to make the fitting set comprehensive.
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Figure 4: Time-averaged water distributions around each dipeptide conformation indicate the sol-

vent charge density. The partial atomic charges of water molecules moving about the solute produce a solvent

charge distribution which can then be superimposed on quantum calculations.

confines of the isolated system on which the MP2 calculation was performed. All solvent molecules

whose centers of mass resided within 10Å of the solute were included in the MP2 calculation; other

waters were discarded. It was necessary to compute a solvent reaction field that, at the sites of solute

atoms, had converged in two respects: with respect to the number of simulation snapshots included in

the average, and with respect to the subset of water surrounding the solute included in each solvent

configuration. We verified that the first criterion had been met by averaging over snapshots from 4ns,

as opposed to 400ps, simulations. The second criterion is more complicated to assess, but we assumed

we had a large enough simulation cell and took the electrostatic field due to all solvent particles in that

periodic cell to be the standard. For neutral solutes, it was sufficient to include just the subset of water

molecules mentioned above. However, in case of ionic amino acid dipeptides, the solvent contained

counterions and it was not sufficient to simply include only particles within the 10Å shell around the

solute. In these cases, a shell of additional point charges, approximately one charge per 12Å2 on a

shell 10Å from any solute atom, was introduced into the MP2 calculations. This approximated the

influence of solvent present in the molecular dynamics simulation beyond the 10Å cutoff, as illustrated

in Figure 5. The shell charges were fitted with a procedure very similar to the REsP optimization of
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Adjust LJ parameters through fits to hydration free energies

Figure 6: Comparison of estimated HFEs for uncharged side chain analogs. The HFEs for polar and

nonpolar side chain analogs are estimated in TIP3P and TIP4P-Ew water baths, with solutes modeled by our

new charge model (IPolQ) as well as the Cornell charge set (here labeled FF99, as torsion parameters from

Amber FF99 were included in the HFE calculations). Adjustments to Lennard-Jones parameters described in

the text were necessary to bring certain HFEs in line with experimental values when using the IPolQ charge set;

this optimization was not performed for Cornell charges. Experimental values for side chain analogs, labelled

according to the three letter codes for the corresponding amino acids, come from Wolfenden,33 as does the HFE

of N-methyl acetamide (Nma, the protein backbone analog).46

found in the Supporing Information.

During review it was pointed out that the simultaneous optimization of Lennard-Jones and charge

parameters represents a coupling of the two and thus a departure from the earlier Amber force field

development philosophy. The coupling is only indirect, however, as there is no formula dictating changes

to Lennard-Jones parameters as a function of partial charges. Furthermore, the IPolQ charges changed

very little in response to Lennard-Jones σ adjustments: the aspartate and glutamate carboxylate

oxygen charges became only 0.02e less negative even after expanding the respective σ parameters by

12%. This relative insensitivity can be partly attributed to the Lorentz-Berthelot combining rules:

because the water σ parameters were not changed, the interactions between each atom and water were

adjusted by only half the amounts listed in Table 4.1. The changes may become more significant in the
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Figure 7: Comparison of estimated HFEs for ionic side chain analogs. Format matches Figure 6.

Lennard-Jones parameter adjustments were needed to make much larger corrections in the calculated HFEs of

charged side chain analogs. No adjustments were made to Lennard-Jones properties of the protonated histidine

side chain analog, as there was only one data point and no clear candidate for an atomic σ to optimize.

Atom Type Instances Original σ, Å New σ, Å

OH Hydroxyl oxygens 3.0664 2.9578
O Amide oxygens 2.9600 3.2072
N9 Primary amide nitrogens 3.2500 3.4924
SH Thiol sulfur 3.5636 3.3498
O2 Carboxylate oxygen 2.9600 3.3150
N3 Terminal and Lys amino nitrogen 3.2500 3.0061

Table 2: Changes in Lennard-Jones parameters made to bring computed HFEs in line with exper-

iment. These changes, as described in the main text, were implemented to bring the HFEs of amino acid side

chain analogs, as computed by thermodynamic integration, into agreement with experimental data or values

inferred from experiment. Only σ, not ϵ, parameters were altered.
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Finally, fit torsions

Use gas-phase charges to fit to gas-phase MP2 torsion profiles;
assume that changes from solvation come from replacing
gas-phase charges with polarized charges
Attempt to get good relative enegy profiles at both quantum
geometries and at MM-minimized geometries:

Figure 2: Energies of dipeptide and tripeptide conformations before and after energy minimization with the prelimi-

nary V-ff14 force field. All molecular mechanical energies are adjusted according to the adjustment constants found while

fitting torsion parameters; quantum mechanical energies are normalized to a mean of zero. Hence, the energies of confor-

mations found in the fitting data (black diamonds) lie directly on the trendlines and the energies of system conformations

optimized according to the preliminary V-ff14 (red, open squares) may not track it.

34

Cerutti, Rice, Swope, Case, JCTC 10, 4515 (2014)
Debiec, Cerutti, Baker, Gronenborn, Case, Chong, JCTC 12, 3926 (2016)
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Defining the continuum solvent model

Simplest model has “high” εext outside (white) and “low” εin where
solvent is excluded:
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The “GB-neck” approach:

there is no uniquely correct definition of the dielectric
boundary, a van der Waals surface creates regions of
interstitial high dielectrics that are smaller than a water
molecule, while the molecular surface has the conceptually
attractive advantage of excluding high dielectric from regions
into which a water molecule is too large to fit. Differences
between the molecular and VDW surface definitions are
minimal for small molecules, where all atoms are well
solvated, but become more substantial for macromolecules,
where inclusion of interstitial high dielectrics in VDW-based
models leads to overestimation of the solvation of interior
atoms, relative to molecular surface results.44 This may
partially explain why early GB models that had good results
for small molecules were less effective when applied to
macromolecules.26,32,37 Additionally, implicit solvent models
that allow interstitial high dielectrics produce incorrect
potentials of mean force between nonbonded atoms.44
However, it may not be practical to use the Lee-Richards
molecular surface directly in a GB model as it is fairly
computationally intensive and can produce unstable or
infinite forces for some molecular configurations.1,9

Attempts to reduce or eliminate the problems of interstitial
high dielectrics in GB models have followed two paths. One
approach, embodied by the GBMV2 model developed by
Lee et al.,38 has been to use numerical integration with
adaptations for calculating forces in combination with an
analytic surface definition that closely approximates the
properties of a molecular surface. A CFA correction term is
also employed in the integration. This GB model yields stable
dynamics while providing excellent agreement with PB Lee-
Richards molecular surface results. However, both the
analytic surface definition and the numerical integration are
relatively slow, such that the fastest PB models approach
the performance of GBMV2.42 Furthermore, the reliance on
numerical integration introduces artifacts, such as a lack of
rotational invariance.
A different method (OBC GB), developed by Onufriev,

Bashford, and Case,32 sought to extend the pairwise integra-
tion method (HCT GB) of Hawkins, Cramer, and Truhlar13,14
to reduce the effect of interstitial high dielectrics. Based on
the observation that effective radii for buried atoms are larger
than for surface atoms, but still much smaller than PB-
derived “perfect” effective radii, this method modifies the
radius calculation in eq 3 by rescaling the integral from eq
2 according to

where F̃i ) Fi - 0.09 Å and R, !, and γ are tunable
parameters. When these parameters are set such that most
radii are scaled up, the rescaled radii substantially improve
agreement with PB solvation free energies, and the compu-
tational expense of the rescaling function is minimal so the
efficiency of the Hawkins et al. model is retained. In addition,
effective radii calculated with eq 4 are smoothly capped at
about 30 Å, avoiding problems with numerical instability
and negative radii that can be encountered when using eq 3.
However, by design, the rescaling function only affects atoms
that are sufficiently buried that the interstitial high dielectrics

can be accounted for in an averaged, geometry-independent
manner. Uncompensated interstitial high dielectrics between
more highly solvated surface atoms still affect solvation
energies and potentials of mean force.
In this paper, we attempt to combine the best aspects of

both of these efforts in development of a GB model that
adds a geometrically based molecular volume correction term
accounting for interstitial high dielectrics to the pairwise
approximated integration method. Since the correction term
is, itself, a computationally efficient pairwise approximation,
the performance and numerical benefits of analytical GB
models are retained.
The shortcomings of the CFA are now well-known, but

rigorously derived non-CFA pairwise approximated GB
models have only recently been described41 and their stability
and performance have not yet been extensively tested on
biomolecules, so the model described here extends the
Coulomb field-based HCT GB model.

2. Theory
An ideal volume correction term for a GB model based on
VDW volume and the CFA would yield the integral of r-4
over the region inside the Lee-Richards molecular surface
and outside the van der Waals surface. This region is
designated the correction region.

Since the HCT GB integration scheme calculates the value
of the integral within the van der Waals surface, adding this
correction term would yield an integral over the region within
the molecular surface. In the general case, the correction
region cannot be analytically defined. However, in the simple
case of two closely spaced or overlapping atoms, the
correction region forms an analytically definable “neck”
region between the two atoms, as seen in Figure 1. The
general case of the correction region can be approximated
by a union of these neck regions calculated pairwise between
atoms. In the simplest form of this approximation, developed
here, the integral for each atom includes corrections for only
the neck regions in which the atom is directly involved. This
simple form is a reasonably good approximation because the
value of the integrand (r-4) is much higher in the nearby

Ri ) (F̃i
-1 - Fi

-1tanh(RIF̃i - !(IF̃i)
2 + γ(IF̃i)

3))-1 (4)

Figure 1. The neck region (shaded) is defined by the radius
of atom 1, R1, the radius of atom 2, R2, the distance that
separates them, d, and the radius of the solvent molecule,
Rw. The coordinate system used for performing integration is
also illustrated (see the Appendix).

∫LRr-4d3r )∫VDWr-4d3r +∫correctionr-4d3r (5)
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of the effective radii may or may not translate into
significantly improved overall performance of the GB model.
Nevertheless, radius comparisons are instructive as rough
quality measures and in identifying sources of error that may
not be readily apparent when molecular solvation free
energies are compared. It is most useful to compare inverse
radii, as these more faithfully represent the contribution of
the effective radii to the energy in eq 1. Such a comparison
for a set of four structures that includes native and partially
unfolded proteins and peptides is presented in Table 2. For
all structures, the F-test shows a highly significant improve-
ment in the accuracy of effective radii calculated by the GBn
model compared to the OBC GB model.
A more detailed analysis of effective radii is illustrated in

Figure 3, showing improvement across the whole range of
effective radii. This includes an improvement in the accuracy
of large effective radii (left portion of the figure), although
these radii continue to have the largest errors. Errors seem
to be largest for atoms near crevices that are slightly too

small for a water molecule; presumably the pairwise ap-
proximation is poorest here.
A more direct test of GB model performance is comparison

of GB solvation free energies with those calculated by PB
methods. Minimizing error across multiple conformations of
the same system is of particular interest for GB methods
that will be used in dynamics, as conformation-dependent
errors will bias sampling. Figure 4 plots the difference
between GB and PB solvation free energies for a series of
conformations obtained from a thermal denaturation molec-
ular dynamics trajectory of protein A. Error is reduced for
the GBn model (standard deviation 6.4 kcal/mol) relative to
the OBC GB model (standard deviation 7.2 kcal/mol). The
F-statistic for this improvement approaches the accepted
theshold of significance with p ≈ 0.06. Solvation free energy
errors are plotted as a function of the number of native
tertiary contacts for the corresponding conformation to
elucidate trends in error with respect to degree of denatur-
ation. The GB model of Hawkins et al.14 has significantly
more negative errors for near-native conformations than for
denatured conformations, but this native state bias is almost

Table 2. RMS Deviation (in Units of Inverse Å) between
Inverse Effective Radii, Computed by the GBn and OBC
GB Models Relative to the PB Reference with Significance
of Improvement Measured by F-Testa

thioredoxin apomyoglobin-I apomyoglobin-II !-hairpin

OBC GB 0.128 0.067 0.046 0.055
GBn 0.092 0.050 0.033 0.045
p-value 10-40 10-47 10-60 10-3

a The !-hairpin and thioredoxin structures are in their native states,
while apomyoglobin is represented by two partially unfolded states
along an acid denaturation trajectory.46 Both models perform more
poorly on thioredoxin than other structures due to a higher number
of large effective radius atoms in thioredoxin. The much larger p-value
for !-hairpin is due to the small number of atoms in the molecule,
resulting in fewer degrees of freedom in the F-test.

Figure 3. Scatter plot comparison of inverse effective radii
calculated by the current GB neck model (red +) and earlier
OBC GB model (black X) to inverse “perfect” PB radii for
thioredoxin (PDB code 2TRX). Diagonal line indicates perfect
agreement.

Table 3. Distance between Atoms at Which Integral of
r-4 over the Neck Region (Defined in Eqs 13-15) Has the
Maximum Value, Tabulated for a Range of Radii for
Atoms 1 and 2, Assuming a Solvent Molecule (Rw) Radius
of 1.4 Åa

atom 2

atom 1 1.20 1.25 1.30 1.35 1.40 1.45 1.50

1.20 2.6797 2.7250 2.7719 2.8188 2.8656 2.9125 2.9609
1.25 2.7359 2.7813 2.8281 2.8750 2.9219 2.9688 3.0156
1.30 2.7922 2.8375 2.8844 2.9297 2.9766 3.0234 3.0719
1.35 2.8500 2.8953 2.9406 2.9859 3.0328 3.0797 3.1266
1.40 2.9062 2.9516 2.9969 3.0422 3.0891 3.1359 3.1828
1.45 2.9625 3.0078 3.0531 3.0984 3.1437 3.1906 3.2375
1.50 3.0188 3.0641 3.1078 3.1547 3.2000 3.2469 3.2922
1.55 3.0750 3.1203 3.1641 3.2094 3.2563 3.3016 3.3484
1.60 3.1313 3.1750 3.2203 3.2656 3.3109 3.3563 3.4031
1.65 3.1875 3.2313 3.2766 3.3203 3.3656 3.4125 3.4578
1.70 3.2437 3.2875 3.3313 3.3766 3.4219 3.4672 3.5125
1.75 3.3000 3.3422 3.3875 3.4312 3.4766 3.5219 3.5688
1.80 3.3547 3.3984 3.4422 3.4875 3.5313 3.5766 3.6234

atom 1

atom 2 1.55 1.60 1.65 1.70 1.75 1.80

1.20 3.0078 3.0562 3.1047 3.1531 3.2016 3.2500
1.25 3.0641 3.1109 3.1594 3.2078 3.2563 3.3047
1.30 3.1188 3.1672 3.2141 3.2625 3.3109 3.3594
1.35 3.1750 3.2219 3.2703 3.3172 3.3656 3.4141
1.40 3.2297 3.2766 3.3250 3.3719 3.4203 3.4688
1.45 3.2844 3.3313 3.3797 3.4266 3.4750 3.5234
1.50 3.3391 3.3875 3.4344 3.4813 3.5297 3.5781
1.55 3.3953 3.4422 3.4891 3.5359 3.5844 3.6313
1.60 3.4500 3.4969 3.5438 3.5906 3.6391 3.6859
1.65 3.5047 3.5516 3.5984 3.6453 3.6922 3.7406
1.70 3.5594 3.6063 3.6531 3.7000 3.7469 3.7953
1.75 3.6141 3.6609 3.7078 3.7547 3.8016 3.8484
1.80 3.6688 3.7156 3.7625 3.8094 3.8563 3.9031
a These are the values used for d0 in eqs 6 and 7. Distances and

atom radii are in angstroms.
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GB-neck avoids over-stabilization of helices:

show that the OBC GB and HCT GB models performed
poorly for short polyalanine sequences. Both of these GB
models demonstrated a strong bias favoring R-helical con-
formations as compared to simulations with TIP3P explicit
solvent. These calculations (100 ns REMD) were repeated
with GBn. Figure 9 illustrates the φ/ψ free energy surface
for Ala5 of deca-alanine. This residue does not adopt a
preferred conformation in explicit solvent, with the basins
corresponding to the major secondary structure types (right-
and left-handed R-helix, "-sheet, and polyproline II) nearly
equal in free energy. At the same time,OBC GB favors right-
handed R-helix by 1-1.5 kcal/mol relative to the other
basins; for example, the ratio of the total R-helix to "-sheet
populations is 8.67, in noticeable disagreement with the
corresponding explicit solvent value of just 1.7. In the GBn
model, this R-helical bias is no longer present, and the
landscape is in much better agreement with the explicit
solvent data: the same ratio of R to " populations is 1.64,
in very close agreement with the explicit solvent result. Both
the OBC GB and GBn models show somewhat too shallow
minima for the left-handed R-helix basin with positive φ

values as compared to explicit solvent simulations.
Since the free energy surfaces as in Figure 9 give insight

primarily into local conformational preferences, more global
properties of the chain were examined by calculating end-
to-end distance distributions for the ensembles obtained with
the different solvent models (Figure 10). As previously
described,49 the distribution is broad in explicit solvent, in
concordance with the lack of specific structural preferences
seen in Figure 9. At the same time, OBC GB yields a shifted
distribution that is distinctly peaked near 10 Å due to a high
population of fully R-helical conformations that are not
observed in explicit solvent. In contrast, the distribution
obtained using the GBn model is in good agreement with
the explicit solvent data, providing further evidence that the
neck model represents a significant improvement over the
previous OBC GB model. These improvements suggest that
the correction term introduced by the GBn model is a move
in the right direction with respect to development of fast
analytical GB models. However, due to the computational
costs associated with generating explicit solvent PMFs, we
have been able to provide direct comparisons for only a few

systems, and therefore due caution is recommended when
applying the GBn model to systems dissimilar to those
described above.

4. Methods
PB solvation energies and “perfect” radii were calculated
using a modified version of APBS 0.3.2. The linearized PB
model was employed along with the multiple Debye-Huckel
boundary condition. Charge was discretized using the cubic
B-spline method (spl2). Dielectric values were 1.0 for solute
and 80.0 for solvent regions, except for “perfect” radii
calculations, where solvent had dielectric 1000.35 A Lee-
Richards type dielectric boundary (mol) was used. APBS
versions 0.3.2 and earlier have a flawed molecular surface
algorithm that overestimates solute volume; this flaw was
fixed in the APBS version used here. All calculations were
performed initially on a coarse grid and then on a smaller,
finer grid using the coarse grid potential as boundary
conditions. Grid spacings were 0.5/0.25 Å (coarse/fine) for
protein solvation and perfect radii calculations and 0.2/0.1-
Å for PMF calculations.

Figure 9. Free energy surfaces at 300 K for the backbone conformation of Ala5 in the Ala10 peptide calculated from 100 ns of
REMD. Energies are in kcal/mol, with the lowest free energy assigned a value of 0. TIP3P and GBn result in similar free energies
for the R, ", and polyproline II basins, while OBC GB shows a strong preference for R-helix.

Figure 10. End-to-end distance distributions of deca-alanine
at 300 K for 3 solvent models. Profiles from GBn and TIP3P
explicit water are in good agreement, with a relatively broad
distribution slightly peaked near 15-20 Å. However, OBC GB
significantly differs from the other models, with a strong peak
at 10 Å.
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show that the OBC GB and HCT GB models performed
poorly for short polyalanine sequences. Both of these GB
models demonstrated a strong bias favoring R-helical con-
formations as compared to simulations with TIP3P explicit
solvent. These calculations (100 ns REMD) were repeated
with GBn. Figure 9 illustrates the φ/ψ free energy surface
for Ala5 of deca-alanine. This residue does not adopt a
preferred conformation in explicit solvent, with the basins
corresponding to the major secondary structure types (right-
and left-handed R-helix, "-sheet, and polyproline II) nearly
equal in free energy. At the same time,OBC GB favors right-
handed R-helix by 1-1.5 kcal/mol relative to the other
basins; for example, the ratio of the total R-helix to "-sheet
populations is 8.67, in noticeable disagreement with the
corresponding explicit solvent value of just 1.7. In the GBn
model, this R-helical bias is no longer present, and the
landscape is in much better agreement with the explicit
solvent data: the same ratio of R to " populations is 1.64,
in very close agreement with the explicit solvent result. Both
the OBC GB and GBn models show somewhat too shallow
minima for the left-handed R-helix basin with positive φ

values as compared to explicit solvent simulations.
Since the free energy surfaces as in Figure 9 give insight

primarily into local conformational preferences, more global
properties of the chain were examined by calculating end-
to-end distance distributions for the ensembles obtained with
the different solvent models (Figure 10). As previously
described,49 the distribution is broad in explicit solvent, in
concordance with the lack of specific structural preferences
seen in Figure 9. At the same time, OBC GB yields a shifted
distribution that is distinctly peaked near 10 Å due to a high
population of fully R-helical conformations that are not
observed in explicit solvent. In contrast, the distribution
obtained using the GBn model is in good agreement with
the explicit solvent data, providing further evidence that the
neck model represents a significant improvement over the
previous OBC GB model. These improvements suggest that
the correction term introduced by the GBn model is a move
in the right direction with respect to development of fast
analytical GB models. However, due to the computational
costs associated with generating explicit solvent PMFs, we
have been able to provide direct comparisons for only a few

systems, and therefore due caution is recommended when
applying the GBn model to systems dissimilar to those
described above.

4. Methods
PB solvation energies and “perfect” radii were calculated
using a modified version of APBS 0.3.2. The linearized PB
model was employed along with the multiple Debye-Huckel
boundary condition. Charge was discretized using the cubic
B-spline method (spl2). Dielectric values were 1.0 for solute
and 80.0 for solvent regions, except for “perfect” radii
calculations, where solvent had dielectric 1000.35 A Lee-
Richards type dielectric boundary (mol) was used. APBS
versions 0.3.2 and earlier have a flawed molecular surface
algorithm that overestimates solute volume; this flaw was
fixed in the APBS version used here. All calculations were
performed initially on a coarse grid and then on a smaller,
finer grid using the coarse grid potential as boundary
conditions. Grid spacings were 0.5/0.25 Å (coarse/fine) for
protein solvation and perfect radii calculations and 0.2/0.1-
Å for PMF calculations.

Figure 9. Free energy surfaces at 300 K for the backbone conformation of Ala5 in the Ala10 peptide calculated from 100 ns of
REMD. Energies are in kcal/mol, with the lowest free energy assigned a value of 0. TIP3P and GBn result in similar free energies
for the R, ", and polyproline II basins, while OBC GB shows a strong preference for R-helix.

Figure 10. End-to-end distance distributions of deca-alanine
at 300 K for 3 solvent models. Profiles from GBn and TIP3P
explicit water are in good agreement, with a relatively broad
distribution slightly peaked near 15-20 Å. However, OBC GB
significantly differs from the other models, with a strong peak
at 10 Å.
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And one can now fold proteins via molecular dynamics:

 

Figure 1. Comparison of structures based (red) on experiment and (blue) lowest RMSD in simulations started from extended conformations. Under 
each structure is shown the protein name, chain length and Cα RMSD value (gray regions excluded, see text for details). 

estimates of the preferred conformations for each protein. The cluster 
with the largest population was in good agreement with conformations 
based on experiment for roughly half (8 of 17) of the proteins studied 
(RMSD values are provided in Table S2, with structures shown in 
Figure S2). Once again, performance tended to be better for proteins 
under 50 amino acids, with CLN025, Trp-cage, Fip35, GTT, HP36 
and NTL939 all preferring the correct structure, with representative 
structure RMSD values of 0.6-2.3 Å. For protein B, the representative 
structure has an RMSD value of 4.2 Å: properly folded but with a slight 
rotation of the middle helix relative to the core. In the case of BBA, the 
native zinc finger fold is present in the ensemble, but with lower popu-
lation than the preferred alternate structure with RMSD of 4.6 Å, in 
which the hairpin and helix are both still present, but with somewhat 
longer hairpin and shorter helix. Although NTL952 folds properly in the 
simulations, the 6.0 Å RMSD  for the most populated cluster reflects an 
otherwise properly folded structure with an alternate conformation of 

the loop connecting E-strands 1 and 2. Neglecting this loop, the RMSD 
of the largest cluster becomes a more reasonable 4.2 Å (Figure S46). 
The only protein under 50 amino acids that prefers an incorrect fold is 
BBL, which locates the correct fold from extended structures, but fa-
vors a conformation with 8.3Å RMSD in which the region connecting 
the N- and C-terminal helices becomes disordered. However, the 2nd 
and 3rd most populated clusters have more reasonable RMSD values of 
4.3 and 4.8Å. Lindorff-Larsen et al.11 estimated a very low melting tem-
perature in BBL simulations (270±10 K), suggesting that BBL also 
challenges MD with explicit water. For the other 7 proteins > 50 amino 
acids, only homeodomain and α3D have most populated clusters 
(23% and 33%, respectively) that are close to the experimental fold 
(3.2 and 4.0 Å, respectively).  The second most populated cluster of 
homeodomain (8%) is even closer to experiment (2.3 Å). For both 
systems, differences are predominantly in the surface loops; RMSDs 
for the 3 helices are 2.5 Å for homeodomain and 2.1 Å for α3D.   

As discussed above, the NuG2 variant was the only system that never 
sampled the native conformation, thus the cluster populations cannot 
report on whether the correct structure would be preferred if folding 
had occurred. To explore this further, we carried out an additional 

~40ns “seeded” REMD simulation continuing from the end of the 
previous one, but adding 2 equilibrated native structures at 2 new tem-
peratures in the middle of the previous temperature ladder (see Sup-
porting Information for complete details, including descriptions of 
misfolded structures, seeded REMD setup and results). Our expecta-
tion was that the REMD exchanges would sort the more favorable 
structures at the lower temperatures. The simulations showed a strong 
preference for the native fold over the other structures, moving both 
low RMSD structures to low temperatures (Figure S55). We next 
competed 6 native and 6 misfolded structures from the initial REMD 
run. The native structures were again strongly preferred at low temper-
ature (Figure S56), suggesting that our model correctly identifies the 
NuG2 native fold, and misfolding represents a sampling failure.   

The other four systems for which the largest cluster in REMD was non-
native (RMSDs of 10–12 Å) were CspA, 1WHZ, λ-repressor and 
Top7. In each case, examination of RMSD history for each of the repli-

cas in REMD showed that only a few replicas properly folded, and 
likewise, only a few misfolded. The data suggest that even though the 
structures are reproducibly sampled, REMD remains unreliable for 
distinguishing the relative stability of these alternate conformations. 
We again turned to a seeded REMD approach for gaining additional 
insight into the conformational preferences of our model. In each case, 
native-like structures were alternated in the temperature ladder with 
representative structures from misfolded clusters with large popula-
tions (Figures S61, S68, S77, S86). The results suggest that, among the 
4 proteins with unconverged ensembles, our model can accurately 
identify the native conformation for CspA and Top7. For CspA, only 2 
replicas misfolded in REMD, and 2 others located a near-native fold, 
suggesting poor population convergence even after ~30 µseconds of 
REMD, which is perhaps not surprising given the experimental folding 
rate of ~5 milliseconds26.  REMD seeded with native, near-native and 
misfolded structures showed a strong preference for the native struc-
ture at the lowest temperatures. Top7 showed similar behavior, with 
the highest population misfolded structure only being sampled by 1 
REMD replica. Seeded REMD combining the misfolded and correctly 
folded structures showed a strong preference for the correct fold, mov-
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Can we tell good protein structures from bad ones?

 9 

 1 

Figure 1. (A-C) Energy landscapes for 2QY7, 1T2I, and 1SEN respectively.  Each dot on the 2 

plot represents one decoy conformation.  The x-axis is RMSD from native and the y-axis is 3 

normalized energy.  False minima (defined as decoys within top 10 energies but with RMSD > 4 

5.0 Å) are depicted in black.  The B metric, which represents the efficacy of the score-function at 5 

differentiating between native and non-native decoys, is shown at the top right corner of each 6 

plot.  Rosetta plots are to the left, in salmon, and Amber plots are to the right, in turquoise.   (D-7 

F) Superimposed native (gray) and Rosetta lowest-ranking false minimum decoy (salmon) and/or 8 
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Energetic measures of discrimination vs. decoys

 12 

with the talaris2014 energy function, and we refer to it as the Rosetta energy function in the 1 

remainder of this paper.  2 

 3 

Figure 2. Scatterplots to depict general performance of Rosetta talaris2014 scoring function vs. 4 

Amber scoring function (A) and Rosetta REF2015 scoring function vs. Amber scoring function 5 

(B) over entire decoy discrimination set.  Each dot represents the B metric for one system.  The 6 

black line is x=y and the dashed line represents the 95% prediction interval.  Any points that lie 7 

outside the 95% prediction interval are annotated with the PDB ID of that system. 8 

We examined cases in which either Amber, Rosetta, or both were unable to correctly rank 9 

high-RMSD decoy conformations, scoring them as low-scoring instead of high-scoring.  A false 10 

minimum is defined as a decoy within the top-10 ranked decoys that has a C-a RMSD from 11 

native of greater than 5 Å.  Three of these cases are shown in Figure 1.  2QY7 (Figure 1A,D) has 12 

several false minima for Rosetta but none for Amber.  Generally, Rosetta alone had at least one 13 

false minimum in 16% of structures.  1T2I (Figure 1B,E) has a false minimum for Amber but 14 

Rubenstein, Blacklock, Nguyen, Case, Khare, J. Chem. Theory Comput.
14, 6015-6025 (2018)
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Same approach can be used to search for loop
conformations:

 22 

therefore smaller; thus, loop modeling provides a more stringent test to distinguish between 1 

energy functions. 2 

We found that Amber ranked loops more accurately than did Rosetta (Figure 5C).  Several 3 

systems had significantly higher B values with Amber than with Rosetta.  Figure 5A depicts the 4 

energy landscapes for one of these structures (1TCA).  The Amber funnel is steeper than that of 5 

Rosetta, which is reflected in its higher B (0.86 vs. 0.37).  The lowest-energy and highest-energy 6 

loop conformations are shown for both Rosetta and Amber in Figure 5B.  Both Rosetta and 7 

Amber rank the lowest-energy and highest-energy conformations correctly. 8 

 9 

Figure 5. Loop modeling benchmark.  (A) Energy landscape for 1TCA.  Each dot on the plot 10 

represents one decoy conformation.  The x-axis is RMSD from native and the y-axis is 11 

normalized energy.  The B metric, which represents the efficacy of the score-function at 12 

differentiating between native and non-native decoys, is shown at the top right corner of each 13 
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The Ornstein-Zernike integral equation

Salt is handled by defining a mixed solvent system: water + K+ + Cl− +
Mg2+, etc.
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Not a continuum theory anymore!

Frolov, Ratkova, Palmer, Fedorov, J. Phys. Chem. B, 115, 6011, 2011
Kast, Kloss, JCP 129, 236101, 2008; Heil, Kast, JCP 142, 114107, 2015;

Amber implementation: Luchko, Gusarov, Roe, Simmerling, Case,
Tuszynski, Kovalenko. J. Chem. Theory Comput. 6, 607 (2010).
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Distribution of Na+ and Cl- around duplex DNA, 0.2 M

Giambasu, Luchko, Herschlag, York, Case, Biophys. J. 104, 883 (2014)

dac

dac

dac

dac

dac

dac



Water distribution in enzyme active sites: Factor Xa

Oxygen and Hydrogen Distributions 

 

Nguyen, Yamazaki, Kovalenko, Case, Gilson, Kurtzman, Luchko PLoS
One 14, e0219473 2019

Güssgregen, Matter, Hessler Lionta, Heil, Kast, JCIM 57, 1652, 2017
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Crystallographers also need to understand solvent structure

PDB code: 1AHO

solvent model R Rfree
single protein conformation
flat (default) .209 .214

RISM .197 .211
explicit .189 .198

multiple protein conformations
flat (default) .178 .190

RISM .158 .174
explicit .144 .167



Conclusions

APIs are an increasingly common way to access Amber force
field energies

Rosetta and sander communicate via python interface via
pyRosetta
Phenix has access to Amber force fields via python as well
Energy-based analysis is available via cpptraj and pytraj
Parmed and InterMol offer many tools to make connections
between Amber, Gromacs. CHARMM, OpenMM, ....
Coming: integration of gaff, gaff2, ParmFrosst, c-gen.....

Generalized Born implicit solvent models still have life...
Integral equation/density functional models have a number of
attractive aspects:

no additional parameters beyond the force field itself
automagically include both polar and non-polar aspects of solvent
interactions
provide information about both water and ion distributions, and can
be used for mixed solvents
almost becoming fast enough for minimization, MD studies
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final sermonette

why do we do this?
gain insight; get out more than one put in
make testable predictions
influence how people think

how can I learn more?
don’t be afraid to experiment
do as much as you can to understand the underlying theory
learn Python, C, matlab
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